Introduction
The history of the contemporary Puerto Rican population is rich and dates to the time of Christopher Columbus. Approximately 60,000-600,000 Taíno Indians lived on the island of Puerto Rico when Christopher Columbus and his crew arrived in 1493 (Fernandez-Mendez 1970) . Most of these Spanish explorers were men, who later settled and fathered the Wrst generation of the newly admixed population between Europeans and Taíno in Puerto Rico. In 1508, the Wrst African slaves were brought to the island (Álvarez-Nazario 1974) and began to intermix. Due to conXict between Taíno Indians and new settlers, along with diseases and starvation, the Taíno, as a separate population, completely disappeared from Puerto Rico by 1524 (Rouse 1992) . Thus, the contemporary population of Puerto Ricans is based on diVerent phases of intermixing of the three constituent populations (Taíno Indians, Europeans, and Africans). After 1917, when Puerto Ricans became US citizens, they began to relocate to the US mainland, settling in major cities, including New York, Philadelphia, Chicago, Orlando, Miami, and Boston. By 2006, approximately 4 million Puerto Ricans, close to half of the entire Puerto Rican population, lived on the US mainland (US Census Bureau 2006) .
Older Puerto Ricans living in the continental U.S. suVer from higher rates of diabetes, obesity, cardiovascular disease and depression compared to non-Hispanic White populations (Tucker 2005; Lai et al. 2008) . Multiple factors contribute to the disproportionate health burden of elderly Puerto Ricans living in Massachusetts. First, large proportions of this group live below the poverty line, mainly in crowded, urban environments . Their economic circumstances may limit their access to both health protective goods and health care. Second, as with many groups in such circumstances, their healthrelated behaviors may be inadequate, including very low levels of physical activity and poor dietary habits, which are likely contributing factors to their high prevalence of obesity and diabetes (Bermúdez et al. 2000; Tucker et al. 2000a, b; Lai et al. 2008) . However, these factors alone do not fully explain the excess prevalence of chronic disease and physical disability in this population, and it is likely that genetic components may place them at excess risk. Therefore, identifying both genetic and environmental factors that contribute to the health disparities in Puerto Ricans is needed for the development of eVective strategies to prevent age-related diseases in this vulnerable population.
Genetic association studies of health outcomes in racially mixed populations (admixture) can be complicated. Admixture can result in genetic subgroups within a population. The existence of genetic subgroups or substructure in a population may lead to spurious associations if the subgroups are not equally represented in cases and controls (Li 1969) . For example, if one subgroup has a higher prevalence of disease, then this subgroup will likely be over-represented among cases compared to controls. Therefore, any genetic variant (allele) that has a higher frequency in that subgroup may appear to be falsely associated with the disease. Theoretically, if cases and controls are matched by their genetic ancestry, then the confounding due to population stratiWcation should be eliminated (Cardon and Palmer 2003) . In practice, however, it may not be possible to precisely match cases and controls based on self-reported ancestry, especially in admixed populations in which individuals may not be completely aware of their precise ancestry (Ziv and Burchard 2003) . To overcome the problem associated with population substructure, genomic control (Devlin and Roeder 1999) , ancestry index (Pritchard et al. 2000; Falush et al. 2003) and principal component analysis (PCA, Price et al. 2006; Patterson et al. 2006; Paschou et al. 2007 ) have been developed and applied to association studies of admixed populations (Bonilla et al. 2004; Salari et al. 2005; Choudhry et al. 2006) . To estimate individual ancestry, several panels of ancestry informative markers (AIMs) have been developed for Hispanic populations including those from Mexico and Puerto Rico (Salari et al. 2005; Halder et al. 2008) . For the Puerto Rican population, we initially used a panel of 44 AIMs to estimate ancestry (Salari et al. 2005; Choudhry et al. 2006) . To improve upon this panel of AIMs, we determined the optimal number and the precise type of SNPs required to estimate ancestral proportions in Latino populations by using a combination of simulated and applied data: a panel of 100 AIMs were necessary to accurately estimate ancestral proportions in Latino populations . To identify Latino speciWc SNPs, we genotyped Puerto Rican founding populations using the AVymetrix 100K GeneChip (Choudhry et al. 2008) . In this study, we have applied those results to an elderly Puerto Rican cohort recruited from the Boston metropolitan area. SpeciWcally, we genotyped 100 Latino speciWc AIMs in the Boston Puerto Rican Health Study (BPRHS) population, estimated ancestry, and determined whether ancestry correlates with disease status and aVects detection of association between genetic markers and disease phenotypes.
Methods and materials

Recruitment of the study population
The study population comprised 337 men and 792 women who were self-identiWed Puerto Ricans living in the greater Boston metropolitan area with complete data records for demographic and biochemical characteristics, and for whom DNA samples were available. These subjects were recruited by investigators from the Boston Puerto Rican Center for Population Health and Health Disparities to participate in a longitudinal cohort study on stress, nutrition, health and aging-the Boston Puerto Rican Health Study (Tucker 2005) , http://hnrcwww.hnrc.tufts.edu/departments/labs/prchd/. Participants were recruited primarily through door-to-door enumeration (approximately 84%), with additional participants identiWed randomly during major citywide activities (8%) or through referral from community organizations or contact through the media or Xyers (8%). Enumeration was conducted using year 2000 Census blocks identiWed as containing ten or more Hispanic individuals. After block enumeration, households with at least one Puerto Rican adult aged 45-75 years at the time of the Wrst interview were identiWed and selected. All blocks were visited three to six times, including on weekend days. One qualiWed individual per household was invited to participate. Those who were unable to answer questions due to serious health conditions and/or advanced dementia were excluded. Of those invited, more than 85% agreed to participate.
Data collection and variable deWnition
Information on socio-demographics, health status, history and behavior, was collected by home interview, administered by bilingual interviewers. Cardiovascular disease (CVD) was deWned as a positive response to the question "Have you ever been told by a physician that you have heart disease" or to similar questions on heart attack or stroke. Anthropometric and blood pressure measurements were collected using standard methods. Tobacco and alcohol use were determined by questionnaire and deWned for this analysis as current, past or never smokers or drinkers. Using American Diabetes Association (ADA) criteria, subjects were classiWed as having type 2 diabetes mellitus (T2DM) if the fasting plasma glucose concentration was ¸126 mg/dl or use of insulin or diabetes medication was reported (American Diabetes Association 2007). Plasma glucose concentration was measured from blood collected from subjects after an overnight fast. Subjects with BMI¸25 kg/m 2 were deWned as being overweight, whereas a BMI¸30 kg/ m 2 was deWned as being obese. Blood pressure was obtained at three points during the home interview and the average of the latter two measures was used. Hypertension was deWned as blood pressure >140 mm Hg for systolic and/or >90 mm Hg diastolic or medication use for hypertension. Depressive symptomatology was assessed using the Center for Epidemiologic Studies Depression Scale (CES-D) (Moscicki et al. 1989; RadloV 1977) . Physical activity was estimated as physical activity score based on the PaVenbarger questionnaire of the Harvard Alumni Activity Survey (Lee and PaVenbarger 1998) . The Physical Activity Score is constructed by weighting time spent in various activities by factors that parallel increasing oxygen consumption rates associated with physical activity intensity, and is categorized as follows: 0-29 sedentary, 30-39 light activity, 40-49 moderate activity and greater than 49 heavy activity. Socioeconomic status was determined based on total household income. Upper socioeconomic status was deWned as total household income equal to or above $25,000, whereas lower socioeconomic status was deWned as total household income below $25,000.
Selection of AIMs
One hundred AIMs were selected for this analysis and the process by which those AIMs were selected were described in Choudhry et al. (2008) . BrieXy, AIMs were selected from genotype data generated using the AVymetrix Human Mapping 100K and Puerto Rican founder populations: West African, European, Native American (Choudhry et al. 2008) . The West African samples consisted of 37 people from West Africa (DNA samples kindly provided by Paul McKeigue). The European population consisted of 42 European American samples from Coriell's North American Caucasian panel. The Native American population consisted of 15 individuals who were Mayan and 15 who were Nahua of central Mexico (DNA samples kindly provided by Mark Shriver). Single nucleotide polymorphisms (SNPs) considered for this analysis all map to the somatic or sex chromosomes. No markers mapping to the mitochondrial genome were tested. Selection of AIMs was based on an iterative process and "informativeness" for ancestry in the Puerto Rican population. For each of the three possible pairs of ancestral populations, SNPs were selected if the diVerence in allele frequency (delta value) was at least 0.5 (scale from 0 to 1) between any two ancestral populations. Initially 112 AIMs were selected. Failure in genotyping and unavailability of ancestral population genotypes limited our Wnal selection to 100 AIMs (see "Sample QC and genotyping"). The selected 100 AIMs (see Supplemental Table 1 ) were adequately distributed across the genome, with suYcient physical distance between markers such that they were in linkage equilibrium in the three ancestral populations. The average distance between markers was about 2.4 £ 10 7 bp.
DNA isolation and genotyping
Genomic DNA was isolated from buVy coats of peripheral blood using QIAamp DNA Blood Mini Kit (Qiagen, Hilden, Germany) according to the vender's recommended protocol.
Sample QC and genotyping
Quality control was performed on all DNA using a two-part procedure. Quantitative QC (part 1) involved non-allelic quantitative real-time PCR using a single TaqMan probe in order to ensure ability to amplify the DNA samples. Qualitative QC (part 2) involved genotyping a balanced polymorphism present in most human populations (rs3818), in order to ensure that cross-contamination of samples had not occurred. Genotyping was performed using iPLEX reagents and protocols for multiplex PCR, single base primer extension (SBE) and generation of mass spectra, as per the manufacturer's instructions (for complete details, please see iPLEX Application Note, Sequenom, San Diego, USA). Four multiplexed assays containing 29, 29, 28, and 26 SNPs, respectively, for a total of 112 candidate ancestry informative markers. Of these 112 markers, 106 robustly generated call rates at 90% or higher, with typical call rates in excess of 99% of samples. Multiplexed PCR was performed in 5-l reactions on 384-well plates containing 5 ng of genomic DNA. Reactions contained 0.5 U HotStarTaq polymerase (QIAGEN), 100 nM primers, 1.25£ HotStar Taq buVer, 1.625 mM MgCl 2 , and 500 M dNTPs. Following enzyme activation at 94°C for 15 min, DNA was ampliWed with 45 cycles of 94°C £ 20 s, 56°C £ 30 s, 72°C £ 1 min, followed by a 3-min extension at 72°C. Unincorporated dNTPs were removed using shrimp alkaline phosphatase (0.3 U, Sequenom). Single-base extension was carried out by addition of SBE primers at concentrations from 0.625 M (low MW primers) to 1.25 M (high MW primers) using iPLEX enzyme and buVers (Sequenom, San Diego) in 9-l reactions. Reactions were desalted and SBE products measured using the MassARRAY Compact system, and mass spectra analyzed using TYPER software (Sequenom, San Diego), in order to generate genotype calls and allele frequencies. Of 106 AIMs, genotype data for 100 markers were available for the three ancestral populations (37 Africans, 42 Europeans, 30 Native Americans) and the BPRHS population. Thus, these 100 AIMs were used for data analysis.
Population admixture
Individual ancestry was calculated based on the genotypes of 100 informative ancestral markers (Choudhry et al. 2008) in the BPRHS population using two programs: STRUCTURE 2.2 (Falush et al. 2003; Pritchard et al. 2000) and IAE3CI Parra et al. 2001) , with reference to the three ancestral populations: West African, European, and Native American (Choudhry et al. 2006) .
Principal component analysis (PCA) to control for population admixture
The EIGENSTRAT ) program implemented in HelixTree (Golden Helix, Bozeman, MT, USA) was used to calculate the principal components based on the genotypes of 100 AIMs in the BPRHS population. The estimated principal components from this analysis should reXect population ancestry Patterson et al. 2006 ). According to the principal component selection rule, a large gap between the major components and the rest indicates the major principal components can be retained whereas the others are discarded (JolliVe 2002; Zhu and Ghodsi 2006) .
Statistical analysis
Statistical analyses were performed using SAS 9.1. (Cary, NC, USA) and HelixTree. To compare ancestry diVerences between the case and control groups for a given disease, we conducted univariate analysis. We assessed the relationship between disease status, ancestry, and AIMs by regression analysis. For T2DM, hypertension, CVD, and depression, we employed logistic regression with disease status as the dependent variable and two of three ancestries as independent variables, while adjusting for potential confounders (age, sex, smoking, alcohol intake, BMI, medications for other diseases, physical activity). For example, for T2DM, we adjusted for age, sex, smoking, alcohol use, BMI, medications for hypertension and depression, and physical activity. For obesity, we used the same model and, except for BMI, adjusted for the identical set of potential confounders (age, sex, smoking, alcohol intake, medications for hypertension, depression, and physical activity). To examine associations between 100 AIMs and disease status, we conducted logistic regression analyses with disease status as dependent variables and AIMs as independent variables. Because BMI, the basic indicator of obesity, is potentially a risk factor of other diseases, we adjusted for BMI in all analyses except that for obesity. Furthermore, we adjusted for socioeconomic status based on total household income as this may also contribute to disease risk (Martinez-Marignac et al. 2007 ). In addition, all analyses were adjusted for population substructure using ancestral proportion or the Wrst principal components estimated from EIGENSTRAT . Correlation statistics were calculated as Pearson correlation coeYcients. P values ·0.05 were considered statistically signiWcant.
Hardy-Weinberg equilibrium test and linkage disequilibrium
A Hardy-Weinberg equilibrium test was performed using the HelixTree program. Pair-wise linkage disequilibria among all AIMs were estimated as correlation coeYcients using the same program.
Results
Characteristics of participants
Demographic characteristics of study participants are presented in Table 1 . The percentage of individuals who reported smoking or drinking alcohol was signiWcantly higher in men than in women (P < 0.001 for both). In contrast, the percentage of participants who were obese (BMI¸30), or who reported depression symptomatology (i.e., depression) was signiWcantly higher in women than men (P < 0.001 for both). Other demographic characteristics did not diVer signiWcantly by sex. The BPRHS population had high prevalence of T2DM (39.7, 39.2% for men and women, respectively), hypertension (69.7, 69.0%), obesity (39.9, 58.2%), and depression (42.1, 58.7%).
AIMs and population substructure
The minor allele frequencies and P values of Hardy-Weinberg Equilibrium (HWE) tests for the 100 AIMs are provided in Supplemental Table 1 . The mean frequency of minor alleles of these 100 AIMs is 0.32 with a range of 0.08-0.50. Twenty AIMs (20%) displayed a signiWcant deviation from HWE with P values varying from 0.0001 to 0.045. This is greater than would be expected under the null distribution and indicates that population substructure exists within the BPRHS population.
We estimated individual ancestry with reference to three ancestral populations: West African, European, and Native American using STRUCTURE2.2 (Falush et al. 2003 ) and IBGA3IC (Parra et al. 2001; Tsai et al. 2005) . Both methods gave similar results with correlation between estimates of 0.99 for all three ancestries. The estimated ancestral proportions of individuals are plotted in Fig. 1 . The ancestral composition is on average 57.2 § 15.2 (%) European with a range in individuals of 7.7-90.3%, 27.4 § 15.2 (%) African with a range of 3.7-84.6%, and 15.4 § 6.5 (%) Native American with a range of 3.8-57.9%. As depicted in Fig. 1 , the ancestries of the Puerto Ricans studied here were mostly related to Europeans.
Based on PCA using EIGENSTRAT ), we also estimated population admixture as principal components. The Wrst 20 eigenvalues (i.e., dimensions) are plotted in Fig. 2 . The Wrst major principal component represents an eigenvalue of 70.4, 3.8 times the values of the subsequent components. We further found this component was highly correlated with European ancestry (r = 0.88, P < 0.0001, n = 1129) and Native American ancestry (r = 0.30, P < 0.001, n = 1129), and negatively correlated with African ancestry (r = ¡0.99, P < 0.0001, n = 1129), all which were estimated using STRUCTURE2.2. Thus, this major principal component was used as a covariate in a logistic regression model to control for population admixture.
Correlation between ancestry and common diseases
We examined the ancestry diVerence according to disease status for the common diseases in the population. As shown Table 2 , individuals with T2DM or CVD showed signiWcant diVerences in African and European ancestry. Subjects with T2DM had signiWcantly lower African ancestry (0.26 vs. 0.28, P = 0.050) and higher European ancestry (0.58 vs. 0.57, P = 0.049). In addition, individuals with CVD had signiWcantly lower African ancestry (0.26 vs. 0.28, P = 0.038) and higher Native American ancestry (0.16 vs. 0.15, P = 0.014). Furthermore, subjects with hypertension tend to have a higher African ancestry (0.28 vs. 0.26, P = 0.038). However, individuals with other diseases did not display any signiWcant diVerences in ancestry. To further illustrate these observations, we conducted logistic regression analysis with disease status as dependent variables and adjusted for age, gender, smoking, alcohol use, medications, and physical activity. Multicollinearity of ancestral proportions dictates that only two ancestries are used in the linear regression models, whereas the European ancestry was treated as the baseline. Results (Table 3) demonstrated that African ancestry was inversely correlated with T2DM with an odds ratio (OR) of 0.33 with 95% conWdence interval (CI) of 0.13-0.84 (P = 0.021) when compared to European ancestry. Thus, higher African ancestry is correlated with a lower risk of T2DM. In addition, African ancestry was also negatively associated with CVD (OR = 0.32, CI 0.10-1.00, P = 0.049), whereas Native American ancestry was positively associated with CVD (OR = 16.63, CI 1.34-211.20, P = 0.029). In addition, African ancestry was signiWcantly associated with hypertension (OR = 2.94, CI 1.14-7.61, P = 0.026). However, no signiWcant association was observed between ancestry and obesity or depression symptomatology. As socioeconomic status may contribute to common disease risk (MartinezMarignac et al. 2007 ), we further adjusted for socioeconomic status and the results remain basically the same (Table 3) .
Association of AIMs with disease status after adjusting for population stratiWcation Next we determined whether any of the individual 100 AIMs were associated with common diseases in this population. Logistic regression analysis with and without adjustment for admixture estimates were conducted using individual ancestries or principal components (PCA). Only those AIMs with a P value less than or equal to 0.05 are shown in Table 4 . In total, 34 AIMs (34%) were signiWcantly associated with one or more of the commonly occurring diseases of this population. For the diseases that were associated with ancestry, i.e., T2DM, CVD, hypertension (Table 3) , the P values of association changed substantially after adjustment for population stratiWcation, estimated as ancestries or PCA. However, for those diseases not signiWcantly associated with ancestry (obesity), adjustment for population admixture had little eVect on the P values of the association (Table 4 ). For example, for CVD, four AIMs (rs879780, rs4013967, rs10492585, and rs10484578), which were initially associated with CVD, showed no signiWcant association after adjustment for population stratiWcation using either ancestry or PCA. On the other hand, three other AIMs (rs10491097, rs1036543, and rs12953952), which were not initially associated with CVD, became signiWcantly associated with CVD (P = 0.014, 0.041, and 0.026, respectively) after adjustment for ancestry estimated by PCA. Similar patterns were observed for T2DM and hypertension. Importantly, these results also suggest that there is both positive and negative confounding due to population stratiWcation in this cohort.
We further examined the correlation between association P values of non-adjustment and adjustment for population admixture for all 100 AIMs. As listed in Table 5 , the correlation between association P-values of non-adjustment and adjustment (for ancestry or PCA) were weaker for those diseases that were signiWcantly associated with ancestries (see Table 3 , hypertension, CVD, and T2DM), than for those diseases that were not (Table 3 , obesity). This observation underscores that adjustment for population stratiWcation is particularly important when ancestry is associated with disease occurrence. In addition, the associated P values between adjustments for ancestry and PCA were highly correlated with a mean coeYcient of 0.98, suggesting that population admixture, estimated either by STRUCTURE or PCA, has similar eVects on association tests.
Discussion
We estimated population admixture in 1,129 Puerto Ricans living in Massachusetts, based on genotypes of 100 AIMs. Our estimates of mean ancestry of Puerto Ricans are consistent with those previously reported in other Puerto Rican populations (Bonilla et al. 2004; Salari et al. 2005; Choudhry et al. 2006 ). However, these estimates are strikingly diVerent from the ancestral estimates based on analysis of mitochondrial DNA (mtDNA). Martínez-Cruzado et al. (2001 , 2005 used mtDNA to estimate the ancestry of Puerto Ricans at 61.3% from Native American, 27.2% from African, and 11.5% from European populations. As mtDNA is maternally inherited, mitochondrial-based estimates of ancestry reXects the maternal lineage of Puerto Ricans. This observation is consistent with historical accounts of the founding of the island's modern population, where the majority of mtDNA originated from the Taíno Indian mothers (Fernandez-Mendez 1970) . Furthermore, although both Puerto Ricans and Mexicans are considered Hispanic, the ancestry of the former is diVerent from that of the latter because of their founding populations. The Mexican population ) originated mainly from European (45.4%) and Native American (51.0%) ancestry with a small proportion of African ancestry (3.7%), whereas Puerto Rican recent ancestry mainly was derived from European (57.2%), and smaller but similar percentages from African (27.4%) and Native American (15.4%) lineages.
It is well established that Africans (including AfricanAmericans), Hispanics and Native Americans have a high prevalence of T2DM compared to non-Hispanic Whites (Brancati et al. 2000; CDC and Prevention. 2005) although the biological cause of such disparity is not well understood (Singh and Hiatt 2006) . Thus, our observation that African ancestry is negatively associated with T2DM and CVD was not expected. Nonetheless, the onset and development of T2DM represents a complex process, which may be regulated by genomic variation, environmental factors and lifestyle factors such as diet and exercise. In addition, mtDNA dysfunction has been considered an important cause in the development of T2DM (Lowell and Shulman 2005; Manoli et al. 2007; Lai et al. 2008) . Ancestry analysis of Puerto Ricans based on mtDNA analysis (Martínez-Cruzado et al. 2005) indicates that the origin of Puerto Rican's mtDNA is strikingly diVerent from that of the (Tajima et al. 2004) . Dominicans who were obese and had diabetes had a signiWcantly higher mtDNA ancestry of African origin. Thus, the Puerto Rican population requires an examination of mtDNA ancestry and its correlation with the prevalence of T2DM and obesity in order to assess the relative contributions of nuclear and mtDNA variation on disease risk, particularly as inXuenced by environmental factors. On the other hand, ancestries in this population did not show signiWcant association with obesity and depression symptomatology. This suggests that there is no signiWcant diVerence between ancestral proportions in terms of contribution to risk of these speciWc diseases in this population. However, for obesity, which is similar to and correlated with T2DM, the American Obesity Association (2005) reported that three ethnic groups of African Americans, Hispanics, and Native Americans exhibit a higher rate of obesity compared to Whites (Wang and Beydoun 2007) . Given that we observed no strong correlation between ancestry and obesity in the Puerto Rican population, the higher prevalence of obesity in these three ethnic groups may be due to the combined eVects of genomic and mtDNA variation and complex interactions with environmental factors (e.g., Western lifestyles of high-fat diet and low rate of exercise). One alternative explanation states that genetic variation contributing to these diseases is small in the face of environmental factors and genotype by environment interactions (e.g., acculturation). Finally, the AIMs selected in this study may not fully represent the Native American ancestry of our Puerto Rican group, as the tested markers were from Mayan and Nahua individuals; while the Native American ancestry of Puerto Rican is Taíno Indian. This could also mask any potential associations between ancestry and health outcomes.
Population stratiWcation can cause false positive and negative associations in population studies (Knowler et al. 1988; Deng 2001; Marchini et al. 2004; Tsai et al. 2005; Barnholtz-Sloan et al. 2008) . To overcome this problem, three approaches have been developed: genomic control, ancestry estimated by STRUCTURE, and principal component analysis. In this study, based on the genotypes of 100 AIMs, we estimated population admixture using STRUC-TURE and PCA methods. We have examined individually the association of 100 AIMs with Wve common diseases. While none of the associations pass a Bonferroni correction (Bonferroni corrected P = 0.05/500 = 0.00001), we did observe 30 associations with P value <0.05. By chance we would expect to Wnd 25 associations with P value ·0.05. Thus, some of these 30 associations should be statistically signiWcant. Nevertheless, we observed that population stratiWcation has both positive and negative confounding eVects on association. When ancestry is associated with a disease, adjustment for ancestry has substantial eVect on tests of association between genetic variants and disease traits. If ancestry is not associated with disease, adjustment for population stratiWcation has little impact on the association test. In addition, our results also showed that adjustment for population stratiWcation estimated either by STRUCTURE or by PCA have similar eVects on the association test.
In conclusion, this study estimated individual ancestry of the BPRHS population, which can be used to adjust for population admixture when conducting association studies with other genetic variants. Using the individual ancestry data, we have been able to demonstrate that population admixture is associated with disease prevalence in the BPRHS population. In addition, our results showed that adjustment for individual admixture is particularly important when the ancestry is associated the disease; population admixture estimated either by STRUCTURE or PCA has a similar eVect on tests of association. Table 5 Correlation of association P values between non-adjustment and adjustment for population admixture for 100 AIMs in the BPRHS population a All pair-wise correlations were calculated as Pearson correlation coeYcients and were highly signiWcant at P < 0.0001, n = 100 
